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Abstract 
In vitro multichannel recordings from neurons have been used as important evidence in neuroscientific studies to 
understand the fundamentals of neural network mechanisms in the brain. Consequently, accurate detection and 
sorting of neural activity waveforms becomes a key requirement for creating meaningful machine brain interfaces 
and to understand the working principles of neural networks. In this work we propose a unified framework for un-
supervised neural spike clustering. Proposed framework exploits the features of wavelets scale-space representa-
tion and time-frequency localisation as well as multiscale principle component analysis to minimise the dimen-
sionality of the raw data at different scales prior to clustering. 
 
1 Introduction 
In vitro multichannel recordings from neurons 
have been used as important evidence in neuroscien-
tific studies to understand the fundamentals of neural 
network mechanisms in the brain. Consequently, accu-
rate detection and sorting of neural activity wave-
forms becomes a key requirement for creating mean-
ingful machine brain interfaces and to understand the 
working principles of neural networks. Number of 
spikes detection and sorting algorithms are proposed 
based on the variance maximisation of the sum of dis-
tances between the waveform clusters. Wavelet coef-
ficients are also employed to exploit the time-
frequency localisation and scale-space representation 
of the waveforms [1, 2] however in a very simple way.  
2 Unified spike sorting framework 
To exploit the maximum potential of wavelet 
transform and available statistical technique, we pro-
pose a unified framework for unsupervised neural 
spike clustering. Proposed framework exploits the fea-
tures of wavelets scale-space representation and time-
frequency localisation through the use of wavelet 
transform modulus maxima (WTMM). WTMM are 
translation invariant high profile multiscale wavelet 
coefficients that remain unaltered by the shifted ver-
sions of the same action potential spike. Multiscale 
principle component analysis minimises the dimen-
sionality of the raw data at different scales prior to 
clustering. Principle component analysis provides var-
iance-distribution of the waveforms at different scales 
and spaces, generated by wavelets transform, and help 
in estimating the optimised number of clusters. Num-
ber of clusters are automatically selected based on the 
percentage of accumulative variance distribution of 
the waveforms and is usually set to within the range of 
90% to 98%. Percentage of accumulative variance 
implies; the number of possible clusters that would 
accumulate the desired percentage of variances of all 
waveforms with total sum of distances between the 
clusters below set threshold, normally set to 5×10-6. 
An example of accumulative variance distribution is 
presented in Figure 1.  
 
 
2.1 Methods/Statistic 
The block diagram of the proposed framework is 
presented in Figure 2. As is obvious from the diagram; 
algorithm has three distinct branches to perform clus-
tering utilising original waveforms, wavelet transform 
modulus maxima coefficients and multiscale principle 
component analysis of wavelets coefficients. 
Original Waveform  
stream employs raw data and perform principle com-
ponent analysis to estimate optimised numbers of 
clusters based on the variance distribution and then 
performs hierarchical and k-mean clustering to cluster 
data into different bins as shown in Figure 3A. 
WTMM coefficients  
stream employs translation invariant wavelet trans-
form modulus maxima coefficients that represent high 
value features of the original waveforms in scale-
Fig1. Accumulative variance distributions of original, WTMM 
and MPCA waveforms shown in Fig3 A, B and C respectively
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 space representation. Due to the inherent time fre-
quency separation characteristic of the wavelets trans-
forms, neural waveforms can be separated into higher 
number of clusters by amplifying even smaller varia-
tions as is shown in Figure 3B. 
MPCA coefficients 
Stream uses the wavelets transform coefficients 
and perform principle component analysis on each 
scale to estimate and extract high variance coefficients 
to perform clustering as shown in Figure 3C.  
All clusters, shown in Figure 3, fulfil the separa-
tion criteria of total sum of distances between the 
clusters, set to 5×10-6. 
An example of the proposed framework high-
lighting three streams of clustering and respective 
outcomes is shown in Figure 3. 
3 Conclusion  
In this work we presented a unified spike sorting 
framework employing multi scale-space principle 
component analysis. The proposed framework ex-
ploits well-known features of principle component 
analysis, wavelets transform, hierarchical and K-
means clustering to perform optimised separation of 
waveforms automatically.  
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Fig3. Hierarchical and K-means clustering using proposed frame-
work and 98% variance 
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Fig2. Block diagram of multiscale spike sorting framework 
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